ydrologic and water quality (H/WQ) models consist of interrelated assemblages of mathematical equations that represent complex physical, chemical, and biological processes governing the hydrology and fate and transport of sediments, nutrients, pesticides, and bacteria. H/WQ models are widely used to evaluate the impacts of changes in land use, land management, climate, and conservation practices on soil and water resources. Reliable models provide valuable information for making sound management, policy, and regulatory decisions. Comprehensive calibration and validation (C/V) of models is essential to obtain the "right outcomes" for the "right reasons" (Holling, 1978; Kirchner, 2006) . Important components of proper C/V include selecting an appropriate model, setting up the model properly, establishing valid C/V strategies (Refsgaard and Henriksen, 2004) , and capturing available datasets to represent the appropriate spatial and temporal scales (Kirchner, 2006) .
cause many model parameters are typically available for calibration, the mere fitting of modeling results to observed data may result in good statistics of model performance but poor correspondence to the actual processes that the model is intended to represent. In such a case, a good fit is obtained for the wrong reasons. Application of such results can lead to incorrect conclusions with negative consequences (Dressel, 2010) . The use of proper C/V practices can help prevent this circumstance while also allowing for a common foundation for interpretation of results and their comparison with other modeling studies (Refsgaard and Henriksen, 2004; Douglas-Mankin et al., 2010; Tuppad et al., 2011) .
Research on and application of H/WQ models abounds in the literature. While calibration and validation are essential to ensuring model accuracy and precision, there is little consistency in how model practitioners conduct, document, and report this process. Generally, published articles emphasize modeling study results; however, without a clear, careful, and consistent C/V process, these results stand on uncertain footing. Many individual articles in the literature have addressed individual components of this topic (James and Burges, 1982; Beven and Binley, 1992; Refsgaard, 1997; Engel et al., 2007; Moriasi et al., 2007; Harmel et al., 2014) .
Potential benefits of a comprehensive C/V approach include:
• Better constraints on calibration parameter estimates (Khu et al., 2008 ).
• Reduction in uncertainty or documentation of uncertainty in model outputs.
• Minimization of equifinality (Henriksen et al., 2003; Khu et al., 2008) allowing model users to discriminate between different model solutions with identical or similar model metrics.
• Greater assurance that model structure and behavior are consistent with hydrological understanding of reality (Wagener and Gupta, 2005) . • Assessment of model processes that need better representation for certain conditions (region, climate, topography, soils, geologic formations, etc.).
• More unified assessment of modeling data compared to calibration and validation needs, thus targeting areas where resources need to be invested to improve modeling studies.
• Better coordination among model developers in building upon the body of modeling studies to address model needs.
• Better communication of modeling practices both to model practitioners and users of model results. Moriasi et al. (2012) summarized model-specific C/V approaches for commonly used H/WQ models as part of the efforts initiated by ASABE in 2010 with the goal of developing calibration, validation, and documentation recommendations. The proposed follow-up phases were to identify critical C/V topics, synthesize the articles in the Moriasi et al. (2012) special collection along with other relevant information from existing literature, and provide topic-specific recommendations. The authors of the present collection identified key C/V topics from the prior collection and addressed each in a separate article.
Recommendations from this special collection of articles and the communication subcommittee article (Harmel et al., 2014) will contribute to the discussion surrounding potential development of topic-specific ASABE engineering practices or standards (hereafter "standards") for model C/V. In addition, the articles in this special collection provide model practitioners with invaluable topic-specific information needed to verify model accuracy and precision for a given modeling purpose. The objective of this article is to introduce and summarize key aspects of these topics, including main recommendations.
SUMMARY OF KEY CALIBRATION AND VALIDATION TOPICS
There are nine research articles in this special collection covering key topics related to the C/V of H/WQ models. The topics include: terminology , hydrologic processes and model representation , spatial and temporal scales , model parameterization (Malone et al., 2015) , C/V strategies , sensitivity (Yuan et al., 2015) , uncertainty , model performance measures and criteria , and documentation and reporting . Each topic is introduced with its description and relevance to model C/V before presenting key recommendations. The main components of these articles are: (1) a clear statement of why the topic is important with respect to model C/V, (2) a synthesis of the Moriasi et al. (2012) special collection and other relevant literature with respect to the topic of focus, and (3) recommendations based on previous work summarized by Moriasi et al. (2012) as well as personal experience. For some topics, a case study is provided to demonstrate the application of the topic-specific C/V recommendations. Zeckoski et al. (2015) describe the importance of consistent terminology and provide important recommendations. Confusion regarding the terminology used in H/WQ modeling is one of the major obstacles to establishing generally acceptable model evaluation guidelines. Inconsistent terminology can result in misinterpretation of the literature or misapplication of concepts and results from others' research. Speaking a common language in H/WQ modeling community is an essential first step in communicating model C/V processes and the associated concerns.
TERMINOLOGY

Key Recommendations
Overall, Zeckoski et al. (2015) recommend that authors of H/WQ modeling literature adopt consistent usage of terminology. The article provides recommended terminology related to model description, model processes and techniques, sensitivity and uncertainty, calibration and validation, hydrologic modeling, plant growth modeling, general water quality modeling, sediment modeling, and nutrient modeling. Many of the terms discussed are controversial, misunderstood, or ambiguous. For example, the terms "verification" and "validation" are used interchangeably by many researchers in the literature, and the terminology article sets forth a recommendation for consistent usage. The article also includes basic terms such as "hydrology" and "evapotranspiration" that are essential for proper understanding of the modeling literature and provides a common basis from which further discussions of H/WQ modeling can progress. REPRESENTATION Arnold et al. (2015) discuss the importance of accurate model process representation and its impact on calibration and scenario analysis. Models are divided into three categories: (1) flow, heat, and solute transport, (2) field scale, and (3) watershed scale. Processes simulated by models in each category are reviewed and discussed. Model case studies are used to illustrate situations in which a model can show excellent statistical agreement with measured data, while misrepresented processes (water balance, nutrient balance, sediment source/sinks) within a field or watershed can cause misinterpretation and/or poor decisions related to management scenarios. These errors may be amplified at the watershed scale, where additional sources and transport processes are simulated.
HYDROLOGICAL PROCESSES AND MODEL
Key Recommendations
To account for calibration processes, the authors recommend a diagnostic approach using both hard and soft data, as suggested by Siebert and McDonnell (2002) and Yilmaz et al. (2008) . The diagnostic approach looks at signature patterns of behavior to determine which processes, and thus parameters, need further adjustment during calibration. Hard data are defined as long-term, measured time series, typically at a point within a watershed. Soft data are defined as information on individual processes within a water, sediment, or nutrient budget that may not be directly measured within the study area (e.g., average annual estimate) and may entail considerable uncertainty. Use of both overcomes the weaknesses of traditional regression-based calibration by discriminating between multiple processes within a budget. Advantages of developing soft data for the calibration are that they (1) require a basic understanding of processes (water, sediment, nutrient, and carbon budgets) within the spatial area being modeled, and (2) constrain the hard data calibration within realistic bounds.
The approach recommended by Arnold et al. (2015) A final recommendation is to build soft data processes into automated calibration procedures. As an example first step, White et al. (2012) developed a screening tool called SWAT Check that assists SWAT modelers in ensuring that processes and water, sediment, and nutrient budgets are realistic. SWAT Check is a standalone program that reads SWAT output and alerts users of values outside typical ranges; creates process-based figures for visualizing water, sediment, and nutrient budgets; and detects and alerts users of common model application errors. The ultimate goal is to include these soft (process) data in automated calibration routines that are routinely used for calibration (Yen et al., 2014) . This will increase the likelihood that simulation scenarios provide realistic and meaningful results. Baffaut et al. (2015) describe how the components of the spatial and temporal scales of H/WQ models (i.e., the extent of the study area, the duration of the simulation period, and the spatial and temporal resolution of the input and calibration data and of the calculations) are affected by the critical processes being simulated. They also describe how these components along with the modeling objectives affect model parameterization, model performance, and the interpretation and use of model results. Consequently, selecting these components is an important step in the process of applying a model to a specific site and study, and modelers should consider the nature of the hydrological and biogeochemical processes simulated, the resolution of available input and calibration data, and the modeling objectives. The article discusses how processes, data, and modeling objectives affect the selection of a scale and presents four principles, two suggestions, and numerous examples.
SPATIAL AND TEMPORAL SCALES
Key Recommendations
Scale components are related to the simulated processes; as such, Baffaut et al. (2015) is a companion to the synthesis article on hydrological processes . Baffaut et al. (2015) present tables that show what processes are relevant for each spatial and temporal extent and resolution. The authors recommend that prior to applying a model for a specific study at a given site, the modeler should first consider the relevant processes and select a model that simulates these processes at the appropriate spatial and temporal resolution. Furthermore, the spatial and temporal resolution should take into account the degree of variability in data and the modeling results necessary to meet the study objectives.
Spatial and temporal resolution of calibration and input data should be compatible with model spatial and temporal discretization levels, which are informed by the study objectives and the processes simulated. Finally, model validation for one scale does not imply validation for smaller or larger scales. Thus, model C/V at multiple scales should be performed in successive steps considering the dominant processes at the appropriate scales. In the absence of validation at the relevant scale, results should not be extrapolated from a model calibrated using data that are representative of a larger or smaller scale.
When modeling objectives or the processes simulated must consider multiple spatial resolutions, a complex mod-el may not be appropriate. The modeler may want to consider breaking the problem into smaller questions and using models specifically intended for each scale. When modeling objectives address the interaction of spatial subunits or processes that operate over different spatial and temporal scales, one alternative is to use two models and, if feasible, develop a linkage to explicitly take into account the interactions that exist between the two scales. In this modeling approach, the outputs of small-scale models could override the equivalent output from a larger-scale model. While non-adherence of the four principles is likely to result in erroneous interpretation of the model results, these two suggestions aim at keeping models as simple as possible and limiting complexity.
PARAMETERIZATION
A detailed discussion on H/WQ model parameterization is provided by Malone et al. (2015) . Parameters are typically measurable or quantifiable coefficients that define the characteristics of the catchment or flow domain and generally remain invariable through all or part of the simulation run (Beven and Freer, 2001; James, 2005; Barber, 2005) . Parameterization includes imparting knowledge of the simulated field or watershed processes to the model and determining a set of acceptable parameter values for a model application Zeckoski et al., 2015) . While model user manuals often provide value ranges for many parameters, this guidance is often inadequate for assigning values in many specific applications. Many applications of H/WQ models can contain a large number of adjustable parameters (e.g., MIKE SHE; Jaber and Shukla, 2012) . A further complication is that many of the measured or estimated parameter values for a given field condition can include considerable uncertainty (e.g., Baroni et al., 2010) . Therefore, determining a suitable set of parameter values (i.e., parameterization) for H/WQ models is a critical but difficult task. A persistent issue associated with calibration is that many parameter sets may produce acceptable simulations (non-uniqueness). The authors point out that although developing parameterization guidelines will not eliminate the problem of non-uniqueness, considering them will help reduce the acceptable parameter space.
Key Recommendations
The authors provide seven parameterization recommendations (table 1) . These recommendations build upon and confirm previous general parameterization recommendations by Refsgaard and Storm (1996) and Engel et al. (2007) . Daggupati et al. (2015) discuss various C/V strategies for H/WQ modeling. The authors recommend that a comprehensive model C/V strategy should consider and document: (1) goals of model use, (2) data used for model calibration and validation, (3) model input parameters and output variables be calibrated and validated, (4) strategies used to calibrate and validate the model, and (5) measures and criteria used to characterize model performance. The authors provide a generalized structure, process, and examples to assist the model practitioner in developing a C/V strategy for H/WQ modeling applications.
CALIBRATION AND VALIDATION STRATEGIES
Key Recommendations
The authors provide C/V strategy recommendations in four important areas: output locations and processes, staging design, warm-up period, and spatio-temporal data allocations (data splitting). Daggupati et al. (2015) recommend single-site calibration for areas with uniform characteristics (e.g., soil, slope, vegetation, and meteorology) across the entire modeled area. A multi-site calibration method is recommended for large areas (or watersheds) with more varied, complex physical characteristics and/or when observed data for a given process are available at multiple locations within the study area.
The staging design refers to the systematic approach used by the model practitioner to organize the adjustment of input parameters and assessment of output variables. The many possible permutations may be distilled to just a few, distinct calibration philosophies, as follows: single-stage; stepwise single-pass; stepwise, iterative, limited parameter space; and stepwise, iterative, extensive parameter space. These calibration philosophies are shown in figure 1 and discussed in detail by the authors. Daggupati et al. (2015) recommend using warm-up (initialization) periods of two to three years for hydrology and five to ten years for sediment and nutrients based on rec- (Flerchinger et al., 2012) ; MIKE SHE (Jaber and Shukla, 2012) ; DRAINMOD (Skaggs et al., 2012) . 2. Optimize and focus on uncertain or sensitive parameters.
MACRO (Jarvis and Larsbo et al., 2012) ; SWAT ; SHAW (Flerchinger et al., 2012) ; EPIC/APEX (Wang et al., 2012) ; ADAPT ; RZWQM (Ma et al., 2012) ; MIKE SHE (Jaber and Shukla, 2012) . 3. Minimize the number of optimized parameters.
MIKE SHE (Jaber and Shukla, 2012) . 4. Constrain optimized or estimated parameter values within accepted ranges and justify values, especially those that fall outside expected intervals.
ADAPT ; SWAT ; EPIC/APEX (Wang et al., 2012) ; COUPMODEL (Jansson, 2012) ; BASINS/HSPF (Duda et al., 2012) . 5. Use multiple criteria to optimize parameter values (more than one model output or target is compared with observed data).
MT3DMS; SHAW (Flerchinger et al., 2012) .
6. Use "hard" and "soft" data to optimize parameters ("soft" data are qualitative knowledge from experimentalists such as estimated ET).
BASINS/HSPF (Duda et al., 2012) .
7. Use warm-up periods to reduce model dependence on estimates of initial condition state variables.
MIKE SHE (Jaber and Shukla, 2012) ; DAISY (Hansen et al., 2012 ).
ommendations from model developers and seasoned model users. The authors also discuss the importance of allocating available data for C/V. The most commonly used method to allocate data for C/V is the temporal split-sample method, in which measured data are split into two periods; however, other approaches (i.e., proxy basin, differential splitsample, and proxy-basin differential split-sample) are also discussed.
SENSITIVITY
A detailed discussion on sensitivity analysis (SA) methods and measures as well as independent tools for sensitivity analysis for H/WQ models is presented by Yuan et al. (2015) . Although uncertainty and sensitivity analyses are often carried out in tandem, they essentially serve different purposes, as the former focuses on propagation of uncertainty from model inputs to outputs (Saltelli et al., 2000) while the latter quantifies and/or explores the strength of relationships between model inputs and outputs (Lane and Ferreira, 1980; Saltelli et al., 2004) . SA is frequently conducted to guide data collection for model calibration and validation. In addition, SA can reveal interactions among combinations of parameters that may contribute to equifinality; therefore, SA enhances data collection and model C/V. Yuan et al. (2015) present results of a thorough review and synthesis of SA studies for the H/WQ models in Moriasi et al. (2012) and other commonly used H/WQ models. For each model reviewed, information is summarized on SA methods used, input parameters analyzed, outputs evaluated, ranking of influential parameters, number of simulations needed to perform the SA, and sensitivity measures and indices used to evaluate the sensitivity of input parameters. The summary of sensitive parameters identified from past SA studies for each H/WQ model should prove useful for future model applications.
Key Recommendations
The authors recommend that model practitioners perform SA to identify key model parameters for use in model calibration, validation, and verification, particularly since results of SA are site and condition specific. Sensitivity analysis methods were broadly categorized by parameter sampling method, purpose, and assessment measure used ( fig. 2) . Parameter sensitivity can be assessed in various ways, ranging from simple visual inspection of input vs. output plots, to robust and sophisticated variance-based sensitivity indices.
The authors recommend that model users select appropriate SA methods depending on the intended model application and the users' assumptions about the certainty and linearity of the parameters. Whereas local SA (varying individual parameters in a small vicinity of a base point) may be suitable for simple and linear systems, global SA (varying all parameters within their entire uncertainty ranges simultaneously) may be needed to account for model nonlinearity, non-monotonicity, and parameter interactions for complex systems. Guzman et al. (2015) discuss different sources of uncer- tainty and how uncertainty impacts the ability of H/WQ models to accurately evaluate the response of complex systems and may lead to misguided assessments and risk management decisions if uncertainty is ignored. Sources of uncertainty include model inputs and derived/computed parameters (e.g., observations and physical properties), a model's mathematical inability to properly represent fundamental processes and mechanisms, a modeler's lack of capacity to properly simplify and represent the system under investigation, and the measured data used for calibration and validation (Vicens et al., 1975; Loague and Corwin, 1996; Loucks et al., 2005; Harmel and Smith, 2007) . Uncertainty in H/WQ models can propagate non-linearly throughout model runs, causing model output to substantially deviate from the expected response or masking specific cause-and-effect relationships in the natural system being investigated. In most cases, the probability function associated with uncertainty in observational errors is unknown and non-stationary due to changes in instrumentation, protocols, network operation, or system dynamics. Mathematical operations and transformations are commonly conducted on observed data to fulfill specific H/WQ model requirements (e.g., spatio-temporal discretization and representation, computational limits, conceptual model simplification, etc.). This can exacerbate observational uncertainty and change the spatio-temporal patterns of input data; thus, uncertainty in model outputs is always expected.
UNCERTAINTY
Key Recommendations
The authors recommend building a conceptual model linked to project objectives before model development or application. Errors in the conceptual model due to incomplete system understanding or representation are bound to propagate throughout the modeling process regardless of the model's mathematical sophistication, accuracy of input parameter values and observed data, etc. Uncertainty analysis in H/WQ models aims to estimate uncertainty in model outputs linked to model inputs or structural uncertainty.
Therefore, the authors recommend that uncertainty analysis be carried out for H/WQ modeling studies. There are different uncertainty analysis methods for different purposes and computational requirements, which involve multiple model simulations and evaluations. Irrespective of the method used, the authors recommend the following general step-by-step procedure for performing global parameter uncertainty/sensitivity analyses: (1) determine probability distribution functions (PDFs) of input parameters, (2) generate input samples based on PDFs, (3) apply a screening method to short list the important parameters, (4) refine parameters and their ranges for rigorous analysis, (5) perform model simulations to calculate desired outputs and decision variables, and (6) perform statistical analysis to obtain sensitivity indices, parameter rankings, predictive PDFs, and confidence intervals.
In addition, because calibration and validation data have some level of uncertainty, as do all measured data, this uncertainty should be considered in model calibration and validation (Harmel et al., 2006 (Harmel et al., , 2010 . Estimating and reporting the uncertainty in the measured data (observational uncertainty) used to calibrate and validate models is recommended because of its impact on the evaluation and interpretation of model results (Harmel et al., 2014) .
PERFORMANCE MEASURES AND CRITERIA
A detailed discussion on model performance measures and criteria is provided by Moriasi et al. (2015) . Performance measures and evaluation criteria are important aspects of H/WQ modeling and should be set before C/V (ASCE, 1993; USEPA, 2002) . Results of a synthesis of the performance measures and criteria of the articles in Moriasi et al. (2012) are provided, including a detailed review of their strengths and weaknesses to better determine recommended measures. Reported performance data for each simulated component during the C/V periods are recorded. A statistical meta-analysis is performed on existing model performance data to help guide the development of performance criteria covering various constituents at field and watershed spatial scales and daily to annual temporal scales. General guidelines for model performance evaluation are established based on the results of the synthesis of the performance measures and criteria and the statistical meta-analysis of the reported performance data. The guidelines are in the form of recommended measures and criteria. A case study is provided to illustrate the application of the recommended measures and the corresponding developed criteria.
Key Recommendations
The authors emphasize that before using recommended measures and criteria to assess model performance, modelers should consider recommendations for all the C/V topics covered in this special collection. Use of multiple measures, including graphical and statistical measures, is recommended. Graphical methods may include time series and scatter plots for shorter periods and coarse temporal resolution (e.g., monthly calibration for one to three years), cumulative distributions or duration curves for longer periods and finer resolutions, and maps for field-and watershed-scale models, whenever possible. Recommended statistical measures include coefficient of determination (R 2 ) together with the gradient and intercept of the corresponding regression line, Nash Sutcliffe efficiency (NSE), index of agreement (d), root mean square error (RMSE), ratio of RMSE to observations standard deviation (RSR), and percent bias (PBIAS). During low-flow simulations, logarithmic or relative derivatives of NSE or d need to be used (Krause et al., 2005) .
The authors recommend that model performance can be judged "satisfactory" for flow simulations if monthly R 2 > 0.70 and d > 0.75 for field-scale models and daily, monthly, or annual R 2 > 0.60, NSE > 0.50, and PBIAS ≤ ±15% for watershed-scale models. Model performance at the watershed scale can be evaluated as "satisfactory" if monthly R 2 > 0.40 and NSE > 0.45 and daily, monthly, or annual PBIAS ≤ ±20% for sediment; monthly R 2 > 0.40 and NSE > 0.35 and daily, monthly, or annual PBIAS ≤ ±30% for phosphorus; and monthly R 2 > 0.30 and NSE > 0.35 and daily, monthly, or annual PBIAS ≤ ±30% for nitrogen. For RSR, the authors recommend that the criteria proposed by Moriasi et al. (2007) be used until new criteria are devel-oped. Although the intent of this study was to develop generalizable performance evaluation criteria for all models, sufficient data for meta-analysis were available only for SWAT, HSPF, WARMF, and ADAPT. Therefore, the authors also recommend that the performance evaluation criteria developed in this study be used primarily for these models and used with caution for other models. These ratings, which apply to both calibration and validation, may be adjusted to be more or less strict based on considerations of the quality and quantity of available measured data, spatial and temporal scales, and project scope, magnitude, and intended purpose. A framework for determining recommended performance measures and their corresponding criteria as more information becomes available is provided. Finally, R 2 < 0.18, NSE < 0.0, PBIAS ≥ ±30% for flow, PBIAS ≥ ±55% for sediments, and PBIAS ≥ ±70% for nutrients, and d < 0.60 are considered to indicate unacceptable model performance. Saraswat et al. (2015) present a detailed discussion of documentation and reporting of the H/WQ model C/V process. Proper documentation is a critical element and increases a modeling effort's scientific credibility. The authors discuss eight recommended elements of model documentation and provide examples for each element.
DOCUMENTATION AND REPORTING
Key Recommendations
The authors make eight recommendations to facilitate communication of model C/V practices and results (table 2). The authors also recommend that the modeling community move toward fully reproducible model calibration, validation, and use ( fig. 3) . The current norm of limited data and model availability through publication should evolve toward a full sharing of data files, model code, and supplemental materials to allow full reproducibility of model results. These efforts will facilitate greater collaboration among practitioners, broaden opportunities for cross-regional syntheses of modeling studies, minimize duplicative efforts, and provide the transparency needed to advance the science of H/WQ modeling. The authors invite participation of peers to discuss their concerns, pose questions, and provide suggestions to facilitate this paradigm shift.
SUMMARY AND CONCLUSIONS
This special collection provides a description of critical calibration and validation topics for H/WQ models, and this introductory article summarizes the key aspects and relevant recommendations (table 3) . The articles provide topicspecific recommendations, which together with those from the communication subcommittee article (Harmel et al., 2014) will contribute to discussion of potential development of ASABE modeling guidelines. The goal of this ASABE-led process is to enhance the field of hydrologic and water quality modeling. In the next phase of this process, the authors of this special collection and other interested parties will form groups to discuss and possibly write, review, and revise topic-specific guidelines. Define and document the study purpose and end-user expectations. 2.
Describe the model used to enable readers assess the model suitability for the intended use and increase understanding of the modeling study. 3.
Describe the study area to clarify the setting in which the model was used. 4. Document the methods used to collect observed data to enable readers to understand the relative uncertainty of the data. 5. Document input data, such as study area boundaries, soil, land use, topography, management, and weather, required to set up and run the model for the study area. 6. Document model calibration parameters and how they were obtained. 7.
Describe the C/V strategy used . 8.
Describe the performance measures and criteria used . A detailed description is essential when the model is applied after the C/V process is completed . H/WQ modeling literature should adopt consistent usage of terminology. Recommended terminology includes controversial, misunderstood, or ambiguous terms in addition to basic terms related to H/WQ modeling. Hydrologic processes and model representation During calibration, use a diagnostic approach with both hard and soft data to account for and constrain modeled processes. This approach consists of four basic steps briefly described herein and in greater detail by the authors. Build soft data processes into automated calibration procedures to assists model users in ensuring that processes are realistic. Spatial and temporal scales (1) Select a model that simulates processes relevant to the study objectives and at the appropriate spatial and temporal resolutions, (2) select appropriate temporal and spatial scales, (3) the available calibration and input data should determine spatial and temporal modeling scales, and (4) model C/V that involves multiple scales should be performed in successive steps considering the dominant processes. Suggestions to simplify modeling include breaking the project into smaller questions using appropriate scales when multiple spatial resolutions are considered and using two models when addressing interactions of processes that operate over differing spatial scales. Model parameterization (Malone et al., 2015) (1) Use the most uncertain and sensitive parameters, (2) minimize the number of optimized parameters, (3) where possible use site-specific measured or estimated parameter values, (4) in the absence of measured or estimated data, use "soft" data to optimize parameters during calibration, (5) use multiple criteria to help optimize parameter values, (6) constrain parameter values within justified ranges, and (7) use a warm-up period to reduce model dependence on initial condition state variables. Calibration and validation strategies (1) Use single-site calibration for areas with uniform characteristics (e.g., soil, slope, vegetation, meteorology) and multi-site calibration for large areas with more varied, complex physical characteristics and/or when observed data for a given process are available at multiple locations within the study area, (2) apply an appropriate systematic calibration approach depending on the complexity of the application, ranging from single stage to stepwise, iterative, extensive parameter space, (3) use a two to three year warm-up (initialization) period for hydrology and five to ten years for sediment and nutrients, and 4) appropriately allocate calibration and validation data. Sensitivity (Yuan et al., 2015) Perform sensitivity analysis (SA) to identify key model parameters. Select appropriate SA methods depending on the intended purpose and assumptions about parameter certainty and linearity. Use local SA for simple linear problems and global SA for model non-linearity, non-monotonicity, and parameter interactions for complex systems. Uncertainty Perform uncertainty analysis for H/WQ modeling studies using the following general step-by-step procedure: (1) determine probability distribution functions (PDFs) of input parameters, (2) generate input samples based on PDFs, (3) apply a screening method to short list the important parameters, (4) refine parameters and their ranges for rigorous analysis, (5) perform model simulations to calculate desired outputs and decision variables, and (6) perform statistical analysis to obtain sensitivity indices, parameter rankings, predictive PDFs, and confident intervals. Estimate and report the uncertainty in the measured data (observational uncertainty) used to calibrate and validate models because of its impact on the evaluation and interpretation of model results. Performance measures and criteria Consider recommendations for all modeling topics covered in this special collection before using recommended measures and criteria to assess model performance. Use multiple recommended graphical and statistical measures. General recommended criteria for the statistical measures can be adjusted based on several factors listed in this article and discussed in detail by the authors. Documentation and reporting The following elements should be properly documented and reported: (1) study purpose and end-user expectations, (2) description of model used, (3) study area, (4) methods used to collect observed data, (5) input data needed to set up and run the model, (6) calibration parameters and how they are obtained, (7) calibration and validation strategy used, and (8) performance measures and criteria used. The modeling community is encouraged to move toward fully reproducible model calibration, validation, and use described by the authors.
